Objective: This paper compares four techniques used to assess change in neuropsychological test scores before and after coronary artery bypass graft surgery (CABG), and includes a rationale for the classification of a patient as overall impaired. Methods: A total of 55 patients were tested before and after surgery on the MicroCog neuropsychological test battery. A matched control group underwent the same testing regime to generate test-retest reliabilities and practice effects. Two techniques designed to assess statistical change were used: the Reliable Change Index (RCI), modified for practice, and the Standardised Regression-based (SRB) technique. These were compared against two fixed cutoff techniques (standard deviation and 20% change methods). Results: The incidence of decline across test scores varied markedly depending on which technique was used to describe change. The SRB method identified more patients as declined on most measures. In comparison, the two fixed cutoff techniques displayed relatively reduced sensitivity in the detection of change. Conclusions: Overall change in an individual can be described provided the investigators choose a rational cutoff based on likely spread of scores due to chance. A cutoff value of !20% of test scores used provided acceptable probability based on the number of tests commonly encountered. Investigators must also choose a test battery that minimises shared variance among test scores. #
Introduction
The incidence of neuropsychological impairment following cardiac surgery is difficult to assess, as there is no standardisation on appropriate statistical techniques used to measure change. Individual change from baseline score in neuropsychological tests may be favoured over group analysis, yet the definition of what constitutes a significant change score remains elusive. By far, the most commonly used technique in the literature has been the standard deviation (SD) method [1] [2] [3] [4] [5] , which describes significant change as a decline from preoperative test score by at least 1SD of the mean baseline score of the population sample. Another technique used defines significant score change as a decline of at least 20% from baseline [6] . While these methods may be simple to implement, they do not adequately evaluate the psychometric and statistical issues surrounding change scores. Because most tests have less than perfect reliability, scores may vary by 1SD or more entirely due to test error. Further, even with perfect reliability a test may be susceptible to practice effects. In order to evaluate 'true' change, a method should determine whether the observed change exceeds that expected from measurement error and improvement over time due to practice or regression to the mean [7] . Test-retest data from matched control subjects are used to generate a range in which variation in test performance is considered 'normal'. Any deviation from this range is considered a significant change. Two methods of analysis that deal with statistically significant change in individuals are presented in this paper: the Reliable Change Index (RCI), modified for practice [7] , and the Standardised Regression-based (SRB) technique [8] .
The RCI with adjustment for practice (RCIp) has previously been employed by Kneebone et al. [9] for analysis of cardiac surgical patients. This method provides criteria for meaningful change based on the calculated measurement error for each score. A patient's predicted retest score equals their Time 1 score plus mean practice effect detected in a matched control group. If the difference between the actual and expected retest score exceeds the likely variation based on matched controls, a significant change is considered to have occurred. A disadvantage of this method is the use of mean practice effect rather than individualised practice, as it may not be reasonable to expect all people to show similar effects. Similarly, this method does not consider regression toward the mean-the tendency for people with outlying performance at initial test to drift toward the mean at follow-up. The SRB method generates a regression equation to predict a patient's score change on the basis of Time 1 performance, plus any demographic variables that contribute significantly to the prediction model in matched controls. The expected change is therefore dependent on initial performance rather than mean practice effect.
The aim of this study was to compare the SRB model with the RCIp, and to use the SD and 20% methods as an illustration of the importance of statistical change criteria. In addition, a discussion is presented on the methodology of selecting criteria for the classification of an individual as overall impaired when using a battery of test scores.
Methods

Subjects
Seventy-four patients undergoing first-time elective coronary artery bypass grafting (CABG) surgery were enrolled. Exclusion criteria included age less than 50 years, prior cardiac surgery, or a history of stroke or any progressive neurological disease. Seven patients were excluded because the surgery was performed without cardiopulmonary bypass; a further 12 patients who did not complete both the preoperative and postoperative assessments were also excluded from analysis. The remaining sample consisted of 55 patients, with demographics shown in Table 1 . The study was approved by the ethics committee of both The Prince Charles Hospital and Queensland University of Technology, with informed consent given by all subjects.
Procedure
Patients underwent a complete neuropsychological testing package in the week prior to surgery (mean 9.7 AE 4.5 days prior; range 2-26 days). The follow-up assessment was performed immediately before discharge from hospital (mean 5.3 AE 1.2 days postoperation; range 3-10 days). The mean time between tests was 15 AE 4.7 days (range 8-31 days). Neuropsychological assessment was performed using the MicroCog: Assessment of Cognitive Functioning [10] . This is a computer administered and scored test, assessing a wide range of cognitive functions. Results are presented for five cognitive domain scores (attention/mental control, memory, reasoning/calculation, spatial processing, and reaction time) and four higher-order scores (information processing speed, information processing accuracy, general cognitive functioning, and general cognitive proficiency) generated from speed and accuracy scores of the subtests comprising the domain scores. A more detailed description of the MicroCog has been supplied elsewhere [11] . All patients completed the standard form MicroCog at baseline, taking approximately 1 h to complete, with the short form being administered at followup (approximately 30 min). A control group of adult participants was obtained from local community groups [11] . Control subjects were matched for exclusion criteria, and completed the same testing protocol over a 2-week retest interval. Demographics for the control group are also shown in Table 1 . Control subjects differ from surgical patients only in gender ratio. Gender differences in performance were not seen in the control group [11] .
Methods of defining change in neuropsychological scores
Four different analysis techniques were used to define significant change in neuropsychological scores.
Standardised Regression-based technique
Regression equations were generated for each neuropsychological score using retest data from the control group. Using standard multiple linear regression analysis, age, sex, education level, and score at Time 1 were evaluated as potential predictors of score at Time 2. For all measures in this series, only performance at Time 1 was shown to be a significant predictor. Results for the regression analysis are presented as regression coefficient and intercept, and standard error of the estimate (SE est ), calculated as SE est 
, where SD 2 is the SD of post-test scores and r xx is the test-retest reliability. A patient's predicted post-test score (X 0 2 ) can be calculated on the basis of their initial score using the formula X 0 2 ¼ bX 1 þ c, where X 1 is the patient's Time 1 score, and b and c are the regression coefficient and intercept, respectively. This data can be used to assess significant change from pre-to post-test using the SRB formula: where X 2 is the patient's observed post-test score. When the SRB Z score is greater than AE1.645 (90% confidence), a significant change from expected performance is considered to have occurred. Examples of more detailed regression formulas incorporating the effects of demographic variables in the prediction of Time 2 performance are presented by Temkin et al. [12] . Ninety percent confidence intervals for SRB may be generated using the following approach.
SRB confidence interval
¼ SE est ðAE1:645Þ þ predicted post-test score
Reliable Change Index modified for practice
RCI Z scores can be generated from test-retest data from the normative control group, using the formula:
, and SE m = SD 1 [H(1 À r xx )], where SD 1 is the standard deviation of the baseline score. Practice effect was calculated by change in mean score over the testretest interval, and was analysed for significance using repeated measures t-tests for each measure ( p < 0.05). For each patient, the postoperative minus preoperative score was calculated (X 2 À X 1 ). When this value was greater than AE1.645, a significant change was considered to have occurred. The RCI method can also be used to give 90% confidence intervals, using the following formula:
Both the SRB and RCIp techniques provide a confidence interval for the detection of significant change, for example a 90% level of confidence indicates 5% of cases may be expected to fall above and 5% of cases below the cutoff due to chance rather than real change.
Standard deviation method
According to the SD method, a change in score on any measure is considered significant if it is greater than 1SD of the baseline score of the surgical sample. This may be represented as:
20% method
Using the 20% change method, a measurement score must change by at least 20% from baseline to be considered significant.
Method of defining significant change in an individual
Patients were classified as impaired if they demonstrated significant deterioration on !2 of the nine test scores used. This decision was based on the probable distribution of false changes when using the prediction models (SRB and RCIp). A more detailed discussion of the process used to define overall change in individuals is included.
Results
Normative data
Test-retest data from the control group used to generate change intervals and regression equations are shown in Table 2 . Reliability coefficients ranged from 0.49 to 0.84. All measures demonstrated a statistically significant practice effect at retest. Spatial processing was most vulnerable to practice, with an improvement of 24.1 (32% improvement from baseline). Attention/mental control was least affected, with an improvement of 7.3 (8% improvement). The full analysis of retest performance for this control group has previously been reported [11] . Table 3 lists all nine MicroCog scores, showing the percentage of patients with postoperative change detected by each of the four analytic models. There is a wide variation in the incidence of decline across scores, and across analysis techniques. The SRB and RCIp techniques classified more patients as declined than the SD or 20% methods on all scores except reaction time. The average incidence of decline across scores was 3.6% (SD method) and 4.2% (20% method), compared to 7.7% (RCIp method) and 13.3% (SRB method). Overall, the SRB method tends to classify more patients as impaired than all other analysis techniques. Both the SRB and RCIp also classified a small number of patients as improved; this number was not greater than the prediction of 5% change due to chance. In comparison, both the SD and 20% methods classified a large proportion of patients as significantly improved. This highlights the importance of accounting for the effects of practice, which can particularly be seen with the spatial processing domain, on which the control subjects demonstrated considerable practice (Table 3) . Across methods, attention/mental control consistently demonstrated the greatest decline for any measure. The SRB technique also detected considerable decline for the higher order scores such as information processing speed and general cognitive functioning. For reference, the mean and standard deviation performance at both time points for the control and surgical groups is shown in Table 4 . The distribution of score changes that may be expected using the SRB or RCIp was calculated using the binomial distribution. Assuming a 5% rate of decline due to chance in each score, the estimated probability of detecting !2 declines due to chance from the nine scores used was found to be 0.07. Table 5 shows the estimated probability of change scores due to chance that may be expected in either direction when using a cutoff of AE1.645. Using the criteria of change in !2 test scores, the incidence of postoperative impairment and improvement indicated by each of the four criteria is shown in Fig. 1 . Considerable differences can be seen between methods. The SRB technique yields the greatest number of patients classified as impaired (32.7%). In comparison, the RCIp classified only 16.4%, while the SD and 20% methods detected just 3.6% and 5.5%, respectively. Again, both the SRB and RCIp techniques revealed a small number of patients classified as improved, which was not greater than the 7% predicted by the binomial distribution of change. In comparison, the SD and 20% methods both classified large numbers of patients as significantly improved (65.5% and 69.1%, respectively).
Surgical patient results
Discussion
The aim of this study was to discuss the use of more statistically sound techniques when evaluating change in cognitive performance after cardiac surgery. Obviously, factors such as time since surgery impact on observed changes; however, this report highlights the effect different analytical techniques have on reported outcomes using the same data set. Earlier reports [6, 9, 13] have shown different analysis techniques to strongly influence the reported incidence of decline, a finding supported in this comparison of four methodologies. Because the incidence of change is highly dependent on the method of analysis, it is essential that rational criteria be used. While traditional fixed cutoff techniques such as the SD method are simple to use, they do not employ sound statistical criteria for change, and as such are highly dependent on the reliability and stability of the test. In other words, these methods do not anticipate the likely changes that may be expected in test performance over time, even though the deviation from 'normal' is exactly what is being measured in the clinical setting. Because the expected changes are not accounted for, a fixed cutoff may seriously miscalculate true change in the patient population. Accordingly, it has been suggested that techniques such as SD and 20% change be abandoned for change criteria using an appropriately matched control group [9, [13] [14] [15] . This study builds on earlier methodological publications by directly comparing the application of two statistical approaches widely accepted in mainstream clinical neuropsychological research, and by the presentation of a novel approach to the statistical classification of overall impaired on the basis of a number of test scores.
Two statistical criteria for change that account for measurement error and practice are presented in this study: the Reliable Change Index, modified for practice, and the Standardised Regression-based technique. Both techniques are simple to apply, and are based on similar principles. They do, however, differ in a number of ways that may lead to different conclusions. The RCIp accounts for measurement error and mean practice effects detected in controls for each measurement score. This technique tends to identify more patients as declined on the nine scores than either the SD or 20% methods. However, it does not account for individual practice or regression toward the mean. The potential advantages of the SRB technique lie not only with the influence of these factors in the prediction of retest performance, but also with the inclusion of demographic variables such as age and education. The equation may also include the influence of tests of mood such as anxiety and depression, which may have an effect on retest performance. In this series, however, only Time 1 performance was found to be significant in the prediction of retest performance in controls. Previous work with the SRB has shown only small influence of demographics [12] , although when the influence is significant the effect should be entered into the equation to obtain optimal results. With a suitably sized, well-matched control group, the SRB prediction model will be better suited to the full range of patients being studied.
Because it predicts retest performance on the basis of initial performance, the SRB appears to give narrower detection intervals than the RCIp. This is due mainly to accounting for regression to the mean and is consistent with previous studies [12] . As a result, the SRB tended to give a higher sensitivity for most scores used: the SRB identified 27.9% of patients as declined on the attention/mental control domain, nearly double the rate given by the RCIp or fixed cutoff techniques. Further, the SRB was the only technique that classified a large number of patients as impaired on the higher-order scores of cognitive functioning. These scores, such as general cognitive functioning, are more likely to reflect impairment that may affect day-to-day functioning in an individual. Despite the narrower detection intervals for the SRB compared to the RCIp, there was little variation in the detection of improvement. Both techniques accounted well for practice as there were few improvements detected, and this was not above the 5% detection due to chance. The SRB technique, therefore, has the advantage of greater sensitivity in the detection of decline without increased classification of improvement. This does not necessarily reflect an ideal accuracy of detection; indeed Two domain scores in this series, reaction time and spatial processing, highlight the importance of accounting for both reliability and stability. The reaction time score had poor retest reliability, and when using the fixed cutoff techniques there was an incidence of decline in this score similar to the SRB and RCIp techniques. This incidence of decline is high, relative to the much lower incidences detected using the fixed cutoff techniques across other domain scores. This may be because the large 'normal' fluctuations that occur in retest scores due to poor reliability more easily exceed the fixed cutoff used by the SD or 20% methods. In contrast, spatial processing while having poor reliability also had considerable practice effect. The two fixed cutoff techniques recorded low declines, but recorded considerable improvements, as the effect of practice for many patients would have exceeded the fixed cutoff.
One further question remains unanswered when defining individual change in cognitive performance: on how many tests must a patient demonstrate decline before they are considered to have shown significant overall change? The commonly used criteria include !1 test score, !2 test scores, and !20% of test scores. Again, these definitions are based on arbitrary decisions rather than on a theoretical underpinning. Using either the SRB or RCIp to assess decline on any one measurement score, the probability of detecting a decline entirely due to chance equals 0.05. Obviously, the more measurements used in a test battery, the greater the chance of recording a decline in any one or more scores due to chance. The choice of optimal criteria for the detection of overall change was analysed using the binomial distribution of false changes across a range of scores. The aim was to provide rational criteria for a cutoff based on describing the probability of decline detected entirely by chance. It must be stressed that the binomial distribution of score changes used here provides only an estimate of false changes as it assumes independence of tests-rarely the case in psychometric assessment. It does, however, provide some theoretical underpinning in the choice of cutoff rather than relying on an arbitrary number. In this study the estimated probability of false decline in !2 scores from the nine used was calculated to be 0.07. Compare this to the probability of false decline in !1 score ( p = 0.37), which is unacceptably high. As a guide, the criteria of !20% of test scores used was mostly found to provide acceptable probability on the range of score numbers commonly encountered (Table 5 ).
The other factor that must be considered when describing change is shared variance among tests used. This occurs when two or more tests used in the overall analysis measure the same or similar cognitive functions. When this occurs, a decline in one score indicates likely decline on other scores that share variance. This will in turn inappropriately increase the probability of reaching any chosen cutoff in the detection of change. Shared variance needs to be controlled for by choosing a broad range of neuropsychological tests assessing independent constructs, and through presentation of sum scores for a domain where possible rather than relying on the presentation of a large number of related subtests. Where changes in overall function are not the focus of investigation, for instance therapies targeting specific brain functions, then more detailed presentations of similar, targeted neuropsychological assessments would be the desirable approach.
In conclusion, it has been demonstrated that the choice of statistical models used to assess post-event cognitive decline has a strong influence on reportable outcomes. Two methods employing statistical change criteria, namely the SRB and RCIp, demonstrated greater sensitivity in the detection of decline compared to fixed cutoff techniques. These methods are more likely to reflect 'true' change in the performance of an individual, as they detect significant variation from the spread of score changes that may be reasonably expected over time, based on retest data from matched controls. The SRB in particular was shown to be a useful prediction model as it provides an estimate of retest performance based on initial score for an individual, and as such considers individual practice effects and regression toward the mean. This technique also has the advantage of accounting for the effects of demographic variables such as age and education, should they influence the prediction model. When these models were used to assess whether a person could be classified as significantly impaired through the use of a battery of sub-tests, it could be seen that the number of tests used to define change has a strong influence on reported outcomes. Investigators should minimise shared variance by avoiding the presentation of similar sub-tests in the analysis. From a suitable selection of tests, the definition of overall change needs also to be based on sound statistical criteria. When using either RCIp or SRB, the cutoff of !20% of test scores used was found to provide acceptable probability on the range of score numbers commonly encountered.
